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Fine-grained visual classification via foreground localization and
region discriminative feature training

LIANG Linlin, QU Haicheng

( Software College, Liaoning Technical University, Huludao 125105, Liaoning, China)

Abstract: To address the interference of irrelevant background information and the difficulty in extracting subtle difference features
among subcategories in fine—grained image classification, a fine—grained image classification method combining localization and
local discriminative feature training ( FLRDF) is proposed. FLRDF is a stacked network structure that firstly uses ResNet50 to
extract global features from the input image, producing a feature map. During the training process, it employs image —level
annotations without using object bounding box —level annotations, which is a form of weakly supervised object localization. The
feature map is then processed with discriminative feature suppression to accurately locate the foreground targets in the input image.
These foreground targets are enlarged to the original image size and fed back into the ResNet50 network for further feature learning.
Finally, the global structure of the foreground targets is shuffled to make the network focus on local detail features. The entire
network training process is constrained by a multi—branch loss function, which collaboratively guides the feature learning of the
network. Experimental results on the CUB-200-2011, Stanford Cars, and FGVC-Aircraft datasets show that the proposed method
achieves commendable classification accuracy rates of 88. 1%, 94. 9%, and 93. 8% respectively, demonstrating that the algorithm
outperforms mainstream methods such as DCL and NTS-Net.
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Fig. 1 The proposed model architecture

S5 T 1 S TRy S | MR A 1T 5 8 AL 32
P I35 =03 X 28 254, ] ResNet50 1
FAE BRI 25, JETE ResNet50 2% B 4 S 505
B B KRR ATIZR00 ResNetS50 $2 B A
PR AR R (18] 1 9332 a) |, it (LA B o 2
T BN 7332 a Hh5EAR RS R R AR LS SR AR RO 4 114321
FHERS B, A bR FAE LIAMY TE TS A5 B, R 1
RAE R IR, Az T SR, 26 AR 1y 32
b SR i1 ResNet50 W45 > i 57 H AR Y 42 Jmy 25
PR 5 55 J , 30 2ok 4015 27 T BRI SRR Y S Ak 4
ik, 2 > i 5 R B R A i L 2 FEALRRAE R4S
TR LA 73 SCAR R BB A BB S, I Be

Max—element
Extractor

Feature map X .
Suppression Controller

S H =53 3R] S8 B, T B B 4 S a AR b
el
2.1 HIs=Ef

T AR BRI 0 B AR E AL AT SR TR
ENIAEL ( Foreground Localization module, FL) .
FH CAM J5 152 B H bR 5 67 1Y) 32 22 ) R 40 531 1 e
AEX IR A SRR A 7893, FRAE R L, T T AR
IR TR i 6 T 1 TR BRI M R AR Y 5C
T R S AH AR A A5 20 ) PR R AR X8, BARR B, Hi
SrOE AL REAIR T 000 £ % S R R R Y DG T, AR
e 1O AR P DI DG T, DA B & 1 H A Ar
MIUERATE . AT SE AL Z5 A IR 2 IR

Suppression

Localization map

B2 wHISEMEHE

Fig. 2 Foreground localization architecture



53

QEMRBR, 2 A5G LR TR 0 PR R VI ) 200 FE [ 45 732 51

8% X e R IR ARG g — B
FRIER, Foh K R mIEE, 2 mR/N R H x W, i
B (L5 10 UG AR A | A0 o] 42 Tl A o 2% =
A4 AL,

WA B2 IR A P 42 SR e Rt Ak, URRAE ] X rp
UK MR KoeE  ie s X, e RV TR
LRl bR K AW KB TG 2 A R 0 00 DX )
it IR AR A A5

P g TR B DO I R a2
FHERT 6 €[0,1177% 6 FRE—A kA
HIRE T X XS R & DKoo R i &, g
T RE 7 a5, 025 ) 55 R 0 RRAE S RE ), Tl
AR A T 43S X 2 ) R B e
FHDHIRE Sy, B L, Al 2z 2 i 8 04 RR ok

G =a(f(GAP(X);0)) (1)

Hop | fFROREHEMIZ ; 0 FoRTEHI AR 2 2]
S8, o (+) Fon Sigmoid PREL, HT 025 02KH
Fr—R2 N ZRi , PR EL A Rl 2 > 45 i ) i 2 B
T 7 0 A D3] DX R 3] AR i B B R 32 R K
AN

IS FIH K A KT R MK A5 HiE XA
XTI, BAASRYE ¥ X, 1 G BIITER R,
THECH X LR, iehr=X,, -G, Hf,re
RVPEANE X rp s Tz e A A DX SRR Ay 0 o] g )
B SR IEH T RS X MR ARG X X A
T EATHUNEAE IR0 = e B XS, g 5 k
AEEHIER 0.7, iR T R BA ML kA K
B 70% 8, X* B, 388 3 Fh 7 vk, 400 il 25
F PR REAE DX IR 40 590 P AR AT DX B ] B2k T A
2.2 HTHES

YT 2 2] SR AR RS e h B 2 —,
T4 B PG B 28 N 22 7 K 2 R) 25 S /N Ry
SRR B R RS R E R, LA R B
F4) Jey 5 DX 3 < FTRL™, o 42 I 24 0 22 MK S A B
H2E S ANy, T X — B AR AR R T A
SR AT AR 2T R e R A R ) 4 R
SER TN 2R 4 S0 SR i B E | TR Bl LA
P AT SRR, SR AL 45 N Gt il /2 o8 T B Ik
TR IR EEFa 5 | A 18 M 3 A X ) 245 2% > [ 5 i)
YT 2 S SR X R LS P s R TRR . BRI
REYa/ 1 JC G R e 15 B, XA B AHIAM I S5
FFAS .,

T IR 3 iR, 42 ) 4T R

PRIEMR A 25 [l & , il LG Ry R Al 1 R il 25
— ARG X, BRI M x 0 AT IX
3o, SR 5 XA DR AT BERLET L , & I i — 50T
AR, 5 DX/ N SR n 1550, 3R 2%
it AR B DX I~ 260 2Z [R5

(a) ENLIEIG (b) FTHLESL

B3 @HWES
Fig. 3 Delicate learning

2.3 HKEH

ARSCEEAE R 3 A0 SCHRBURRAIE (58 B 503k DL
K1) o Hop 7330 a SR IBCBRRAE 5 23 5 b AR 5
15 PR ISR A5 5 10 FAE | 46 0T S AE T B A A LA
b SEBURTR E A 3 3 o FTIE A IR ) 42 R 4
Hey , EE 2 SRy DX o8 0 295 2 ) 1) HAR B4 SRy RFALE o

3 A3 S A SN R S o R R
Wik

(c) 42>

L, ==1In(P(c)) (2)
Ly == In(P,(c)) (3)
Ljig Z—ln(Pd(c)) (4)

Hrb, o B AE 2K 50528, P, P, P,
G123 A3 S R — A Softmax J2 i Y2
SRR SR sREERR N

Lo = @by, + BLyjeo + 7Ly, (5)

SRR BREUR 3 0 SO R A, TG
WA S AL RE I O PERE . 3 03 SCA R BRI
PRI Al LTI ER o0 265 6 5 g Wi S50 B8 148 g A6
RIRRFIE > B8 ) ZEMAR B, AUCA 1 Hh o332
a MII3 32 b 58I JAE 55, B 58 R i i 151 45 g
HHREDREFE 27325 TN ME 4 0 5 PR 45 s 2 026
TMAE ARG, Fe 23 2 45 BRI B2 T 0 4ihr J32
LURITR S ER

3 XBRERSHM

3.1 XIGYHTS
3011 BllidE S Tkt B

h T B UEA SCEE R PERE, 73 TE 3 AR
BI5GB i 42 CUB - 200 - 2011, FGVC — Aircraft 1
Stanford Cars''®' [-#E47 T W0 F , 508 5 AO TR0 15 B
W&k 1,



52 oo ®m M5 M OH

ERRES

x1 HIEERER

Table 1 Dataset information
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Table 2 Ablation experiment
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Table 3 The accuracy of foreground object localization
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Table 4 Parameters analysis

n Cub Cars Aircraft
1 87.63 94.37 92.93
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Table 5 Experimental comparison of different weakly supervised fine—grained image classification methods

Trik Backbone CUB-200-2011 FGVC-Aircraft Stanford Cars
Cross-X[" ResNet—50 87.7 92.6 94.6
DFL-CNN[2] ResNet-50 87.4 91.7 93.1
MC-Loss ResNet-50 87.3 9.6 93.7
NTS—Net ResNet-50 87.5 91.4 93.9
DCL ResNet-50 87.8 93.0 9.5
PMG ResNet-50 89.6 93.4 95.1
ARITT ResNet—50 88. 1 93.8 94.9
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Fig. 5 The change of three—branch loss and total loss of three datasets
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